Aims. Techniques to classify galaxies and estimate their properties based on the photometric observations solely will be necessary for future large cosmology missions, such as Euclid or LSST. However, the classification accuracy is always lower in photometric surveys and can be systematically biased with respect to classifications based upon spectroscopic data. Our aim is to test how precisely the detailed classification scheme introduced by (Siudek et al. accepted, hereafter: S1) for galaxies at z ∼ 0.7 could be reproduced if only photometric data were available. Methods. We applied the Fisher Expectation-Maximization (FEM) unsupervised clustering algorithm to 54,293 VIPERS galaxies. To construct the parameter space, we used reliable photometric redshifts and 12 rest-frame magnitudes obtained by the SED-fitting with the photo-z scatter σ ∼ 0.03, and the outlier rate η ∼ 2%. Subsequently, we compared the results to the analogous classification based on spectroscopic redshifts and corresponding absolute magnitudes. Results. The FEM algorithm divided the VIPERS data into four main groups: (1) red, (2) green, (3) blue, and (4) outliers. Each group was further divided into 3, 3, 4, and 2 subclasses, respectively. The accuracy of reproducing galaxy classes using spectroscopic data is high: 92%, 84%, 96% for red, green, and blue classes, respectively. Our method was able to efficiently separate outliers (stars and broad-line AGNs), but failed to distinguish a class of star-forming galaxies with redder r − K colours and higher S FR than remaining star-forming classes. The presented verification of the photometric classification demonstrates that large photometric samples can be used to distinguish different galaxy classes at z > 0.5 with an accuracy provided so far only by spectroscopic data except for particular galaxy classes. Confirming the synergy between classifications based on spectroscopic and photometric data demonstrates the usefulness of our approach in future large surveys.
Introduction
Nowadays, applying effective classification tools to process large datasets becomes imperative. Forthcoming surveys, such as the European Space Agency's Euclid mission (Laureijs et al. 2011) , the Large Synoptic Survey Telescope (Ivezic et al. 2008; LSST Science Collaboration et al. 2009 ) will undoubtedly open the era Send offprint requests to: M. Siudek e-mail: gsiudek@cft.edu.pl based on observations collected at the European Southern Observatory, Cerro Paranal, Chile, using the Very Large Telescope under programs 182.A-0886 and partly 070.A-9007. Also based on observations obtained with MegaPrime/MegaCam, a joint project of CFHT and CEA/DAPNIA, at the Canada-France-Hawaii Telescope (CFHT), which is operated by the National Research Council (NRC) of Canada, the Institut National des Sciences de l'Univers of the Centre National de la Recherche Scientifique (CNRS) of France, and the University of Hawaii. This work is based in part on data products produced at TER-APIX and the Canadian Astronomy Data Centre as part of the CanadaFrance-Hawaii Telescope Legacy Survey, a collaborative project of NRC and CNRS. The VIPERS web site is http://www.vipers. inaf.it/.
of unprecedentedly big astronomical observations requiring machine learning and deep learning techniques to handle the data (see Fraix-Burnet et al. 2015 for a review).
Among the machine learning tools, of particular interest are clustering algorithms. Broadly speaking, they can be separated into two main classes: supervised (when the classifier is trained with a representative sample) and unsupervised methods (without any training process). Machine learning algorithms have already been applied to galaxy classification (e.g. Sánchez Almeida et al. 2010; Marchetti et al. 2012; Małek et al. 2013; Krakowski et al. 2016, S1) . The ability to distinguish between galaxy classes is a starting point to study galaxy formation and evolution (e.g., Buta 2011; Buta & Zhang 2011) . While supervised algorithms have demonstrated reasonable efficiency in automatic classification of unknown sources if a good training sample was provided (e.g. Solarz et al. 2012; Małek et al. 2013; Krakowski et al. 2016; Kurcz et al. 2016; Solarz et al. 2017) , application of unsupervised machine learning techniques to galaxy classification is arguably yet to be proven. Unsupervised techniques applied to classify galaxies usually are not able to converge to an optimal number of galaxy classes (mostly because of A&A proofs: manuscript no. photov_arxiv the problem with initial seeding) or fail in following the continuous and physical nature of galaxy types (e.g. Sánchez Almeida et al. 2010; Hocking et al. 2018) .
Unsupervised machine learning algorithms were so far mostly applied to classify galaxy spectra mainly based on Principal Component Analysis (PCA) and k-means analysis (e.g. Sánchez Almeida et al. 2010; Marchetti et al. 2012; Peth et al. 2016) . Using data based on photometric redshifts (hereafter z phot ) for classification purposes is obviously coarser than with spectroscopic data (hereafter z spec ) due to larger errors. Unfortunately, obtaining full spectroscopic information in wide-field imaging surveys is not achievable due to the large number of galaxies and high costs in observing time, especially for highredshift sources. The next generation of extragalactic surveys will be dominated by multi-band photometry data. Therefore, there is strong necessity to develop clustering tools able to provide galaxy classification using z phot on a comparable accuracy level as when using z spec .
Standard approaches to classify galaxies use methods based mainly on the bimodality in their colour distribution (e.g. Fritz et al. 2014; Haines et al. 2017; Krywult et al. 2017; Siudek et al. 2017) . However, this does not allow for very precise classification and may lead to differences in the obtained properties depending on the adopted criteria (e.g. Renzini 2006; Moresco et al. 2013) . In S1 we introduced a new approach to the galaxy classification based on the unsupervised FisherEM (hereafter FEM; Bouveyron & Brunet 2011) algorithm, which works in the multidimensional space of absolute magnitudes (in 12 different filters) and z spec . The classification is thus based on a large parameter space, rather than just on the standard colour-colour plane, and therefore is more sensitive to the galaxy properties. The classification based upon broadband magnitudes allows detailed evolution studies of the red sequence, blue cloud and green valley. The FEM algorithm separated different galaxy classes and determined the optimal number of homogeneous classes automatically, yielding 11 galaxy classes from the earliest to the latest types with an additional group of outliers (mainly broadline AGNs observed at z ∼ 2; S1).
In this paper we present the photometric classification (hereafter PHOT classification) of VIPERS galaxies and its comparison to the z spec -based classification (hereafter SPEC classification; S1). The aim of the paper is to verify how precisely the SPEC classification can be reproduced, thus testing the usefulness of this large photometric dataset.
The paper is organized in the following way: In Sect. 2 we present the VIPERS data sample. Sect. 3 presents results and discusses their physical interpretation. The summary is presented in Sect. 4. Throughout this paper the cosmological framework assumes Ω m = 0.30, Ω Λ = 0.70, and H 0 = 70 kms −1 Mpc −1 ).
Data and sample selection
The analysis presented in this paper is based on the final galaxy sample from the VIMOS Public Extragalactic Redshift Survey (VIPERS, Scodeggio et al. 2018 ) performed with the VI-MOS spectrograph mounted on the Very Large Telescope at ESO (VIMOS, Le Fèvre et al. 2003) . VIPERS was designed to map the large-scale distribution over an unprecedented volume of 5 x 10 −3 h 3 Mpc −3 in the redshift range 0.5 < z < 1.2. A simple and robust pre-selection in the (u-g) and (r-i) colour-colour plane was used to remove galaxies with z < 0.5 (Guzzo et al. 2014) . VIPERS provided spectroscopic redshifts of 86,775 galaxies limited to i AB ≤ 22.5 mag over an area of ∼23.5 deg 2 and corresponding full photometrically-selected parent catalogue. The associated photometric catalogue consists of magnitudes based on u-, g-, r-, i-and z-band imaging from the CFHTLS T0007 release (Hudelot et al. 2012) , FUV and NUV observations from GALEX (Martin et al. 2005) , and new K s-band observations conducted as part of the VIPERS Multi-Lambda Survey (VIPERS-MLS; Moutard et al. 2016a) , complemented by K s-band measurements from VIDEO (Jarvis et al. 2013) . A detailed description of the VIPERS survey can be found in Guzzo et al. (2014) and Scodeggio et al. (2018) .
In this paper we present the classification based on the absolute magnitudes and z phot . Similarly as in the SPEC classification (S1) the absolute magnitudes were derived by spectral energy distribution (SED) fitting described in Moutard et al. (2016b) , except that now the computation was based on the z phot from the VIPERS-MLS (for full description of z phot measurements, please refer to Moutard et al. 2016a ).
Our photometric sample includes the whole sample (52,113 objects) classified with the SPEC classification (sample selection is discussed by S1) completed by additional 2,180 sources. 2,148 sources of those 2,180 are spectroscopically confirmed stars, as such sources are expected to contaminate photometrically selected samples. The remaining 32 sources are highredshift objects (z spec > 1.5) which were excluded from the spectroscopic sample defined in S1 as they are SED-fitting failures. Our sources cover the redshift range 0.3 < z phot < 1.2, with the first percentile reaching down to z phot ∼ 0 and up to z phot ∼ 4.8.
The comparison between z phot and z spec for the VIPERS sample is shown in Fig. 1 . The measured scatter is σ δz/(1+z) ∼ 0.03 and the outlier rate 1 is η ∼ 2%.
Results

The optimal class number
We ran the FEM algorithm on the PHOT sample based on the multidimensional space, and the optimal number of classes (12) and the best discriminative latent mixture (DLM) model (DBk) were established using the same approach as for SPEC classification (S1). We note that the optimal number of classes was the same as for SPEC classification; although a new class of stars appeared, at the same time we were not able to distinguish between Fig. 2 : The NUVrK diagram of the VIPERS galaxies classified into 12 classes according to the FEM algorithm using z phot (points with error bars) and z spec (rectangles). The error bars and size of squares correspond to the 25th, and 75th percentile range of the galaxy colour distribution. The median colours are marked with points.
dusty star-forming galaxies and less dusty star-forming class (galaxies from SPEC class 8 were assigned to PHOT class 9; see Fig. 2 ). Therefore, the number of classes was preserved. VIPERS sources were not strictly assigned to one class, but the probability of being a member of each class was given. However, 94% of sources have their assignment well defined, i.e. have a high probability (> 75%) of belonging to one class. In the following discussion we used only class members with a high probability of belonging to a given class, rejecting 3,007 objects with low class membership probability (< 50%) or with a high (> 45%) probability of belonging to the second group (see S1 for details).
The colour-colour diagram
The 12 different photometric classes (hereafter PHOT class) within VIPERS sample follow the trend from red, passive, through green, intermediate, to blue, star-forming galaxy types, plus additional groups of outliers (stars and AGNs). Even if such a detailed classification is possible only in the full multidimensional parameter space, it is well reflected by the positions of groups on the (NUV − r) vs. (r − K) diagram (hereafter NUVrK, Arnouts et al. 2013) diagram 2 . Fig. 2 presents a comparison of the distribution of the FEM classes in the NUVrK diagram, when z phot and z spec were used in the classification procedure.
The galaxy sequence obtained from the PHOT classification almost exactly mirrors the spectroscopic classes (hereafter SPEC classes). Fig. 2 shows that the median NUV −r and r − K colours of red galaxies (classes 1-3) are similar in both classifications. Green galaxies (classes 4-6) are also located in the same area in the NUVrK diagram in SPEC and PHOT classifications. The main difference is displayed by the group of star-forming galaxies. In the PHOT classification four star-forming groups were found (7-11 classes). The SPEC classification distinguished one additional class of dusty star-forming galaxies (SPEC class 8) characterized by redder rK colours (r − K median = 1.00 +0.12 −0.14 ) 2 Note, however, that the NUV, r, K parameter space would not be sufficient to create such a fine division −0.30 ) than remaining star-forming classes. These galaxies were mostly assigned to the PHOT class 9 of star-forming galaxies (∼ 75%; see also Fig. 3 ). This might be a consequence of a discrete nature of SED templates, which resulted in the lowest z phot accuracy (σ δz/(1+z) ∼ 0.037) for galaxies within SPEC class 8 among all classes (except class 12), which yields the inability of distinguishing more dusty starforming galaxies. We note that also in SPEC classification those galaxies were not straightforwardly distinguished. Galaxies in SPEC class 8 are characterized by lower membership probability than other SPEC classes (see Fig. C.1 in S1) . Moreover, the SPEC class 8 was distinguished on the last cycle of the FEM algorithm, i.e. the class is absent if we consider a SPEC classification with only 11 classes (Fig. B.2 and B.3 in S1). Extremely dusty green galaxies (class 6) are, however, properly identified in the PHOT classification.
Furthermore, in the PHOT classification an additional group of outliers (marked with green in Fig. 2 ) was separated. The class of outliers with red NUV − r and blue r − K colours is mainly (96%) composed of stars (not included in the original SPEC sample). More than half of the stars present in the photometric dataset (1,234 out of 2,148; 57%) were assigned to this class. The remaining 914 stars were distributed in different groups. However, they constitute just a small fraction of all members of the other classes except for class 12 (42%; 55 stars). Class 12, besides stars, consists of broad-line AGNs (50%). In the case of the SPEC classification it was a pure sample of broad-line AGNs (95%).
Article number, page 3 of 5 (A [%] ) of the PHOT classification given as the percentage of the number of galaxies in each SPEC class (N spectro ) to the subsample of N spectro galaxies which are found in the same PHOT class (N photo ).
3.3. Statistical differences between spectroscopic and photometric classifications Fig. 3 presents the distribution of VIPERS sources within SPEC classes (S1) and their migration to PHOT classes. The majority of objects (> 70%) were assigned to the same class independently of the fact that z spec or z phot was used. However, a small "exchange" between classes occurred, mainly between classes located close to each other. For example PHOT class 2 (marked with dark red in Fig. 3 ) is built mainly from galaxies assigned to SPEC class 2 (∼ 56%; dark red), but also includes objects from SPEC class 1 (∼ 17%; brown), and 3 (∼ 20%; red). There are also more extreme "jumping-objects" where sources assigned to e.g., red and passive SPEC classes were classified as intermediate or star-forming PHOT classes, and this is seen as thin flows between distant groups in Fig. 3 . However, jumps over more than 2 classes are very rare (∼ 2%). Less secure assignment of these sources is also mirrored by their lower membership probability (mean probability for "jumping-objects" is lower by ∼ 7% than those for members of "main" streams). Therefore, some objects with a low PHOT membership probability did not migrate from the SPEC class to the corresponding PHOT class, but drastically changed their classification. These galaxies are also characterized by lower z phot accuracy (σ ∆z/(1+z) ∼ 0.05), what may explain the difficulties in the assignation of the proper class. Fig. 4 presents the comparison between the spectroscopic and morphological class properties: the strength of the 4000Å break (D4000 n , as defined by Balogh et al. 1999) , the equivalent widths for [OII]λ3727, and the Sérsic index when z phot and z spec were used in the classification procedure are shown as a function of the class number. Except for SPEC class 12 (composed by broad-line AGNs) and SPEC class 8 (blue, dusty star-forming galaxies not distinguishable in the PHOT classification), the median properties of each class agree well in the two classifications and do not show any significant differences. PHOT class 12 is strongly contaminated by stars which results in a difference between their properties.
Summary
We presented an unsupervised classification of VIPERS sources observed at z ∼ 0.7 based on the z phot and corresponding absolute magnitudes. The unsupervised photometric classification does not require additional training with spectroscopic samples, after photometric redshifts have been estimated.
Three classes of red passive galaxies (classes 1-3) did not change if no spectroscopy information was provided (with an accuracy of 92%; see Tab. 1). Also green, intermediate galaxies -3) , green (classes 4-6), star-forming (classes 7-11) galaxies are shown in red, green, and blue, respectively. The error bars correspond to 1st and 3rd quartile of the parameter distribution. The division between red passive and blue active galaxies based on D4000 n (Kauffmann et al. 2003 ) is marked with a black dashed line. The typical mean Sérsic index ranges for VIPERS red passive, and blue star-forming galaxies ) are marked with grey shadow areas. The [OII]λ3727 line has not been detected in the majority of galaxies from SPEC and PHOT classes 1-5.
(classes 4-6) were accurately (84%) separated when only z phot was provided. Spectroscopy is also not necessary to separate blue, star-forming galaxies as a whole class, as the algorithm using z phot was able to almost perfectly identify the same group as SPEC classification (96%). However, spectroscopic information is needed to obtain a more detailed picture of some of the blue subclasses. In particular, the PHOT classification was not able to separate dusty star-forming galaxies (SPEC class 8) from less dusty star-forming galaxies (class 9). This might be a consequence of the SED fitting procedure adapted to the VIPERS dataset (Moutard et al. 2016a) , which was not able to describe properly dusty star-forming galaxies. Possibly, a better set of templates might improve the outcome. A detailed efficiency of the PHOT classification is given in Tab. 1. In the PHOT sample, which includes stars, the algorithm, in some cases, is not able to distinguish stars and AGNs and, therefore, assigned them to the same class. This resulted in (expected) differences between PHOT class 12 and SPEC class 12.
We conclude that quite reliable z phot (σ ∼ 0.03, η ∼ 2%) allow for a highly effective identification of different galaxy classes at z > 0.5 by the FEM unsupervised algorithm. The resultant classification is almost identical with the classification based on z spec , confirming that the FEM algorithm is a new robust tool, which can provide a detailed picture of galaxy types at z ∼ 0.7 also without spectroscopic information. In general, it would imply that for division into basic blue/green/red classes at our redshift range the observed colours are sufficient and even wrongly assumed redshifts does not affect much the results (especially the selection of red galaxies). For a finer division into subclasses, a correct redshift is necessary. However, to reproduce most subclasses the photometric accuracy as provided by our data is sufficient, except for blue dusty star-forming galaxies (class 8), where spectroscopic accuracy becomes crucial. The proper separation of this class, as well as broad-line AGNs and stars may depend on the usage of high-quality SED templates of these objects. Overall, we have found that the purely photometric classification is unbiased with respect to the spectroscopic one. This excellent agreement gives us confidence that future photometric surveys can produce robust galaxy classifications useful for galaxy evolution studies.
